Commercialization of smallholder agriculture is widely seen as an essential pathway towards rural economic growth. While previous studies have analyzed effects of commercialization on productivity and income, implications for farm household nutrition have received much less attention. We evaluate the impact of commercialization on household food security and dietary quality, with a special focus on calorie and micronutrient consumption. We also examine transmission channels by looking at the role of income, gender, and possible substitution between the consumption of own-produced and purchased foods. The analysis builds on survey data from 805 farm households in Western Kenya. A control function approach is used to address issues of endogeneity. Generalized propensity scores are employed to estimate continuous treatment effects. Commercialization significantly improves food security and dietary quality in terms of calorie, zinc, and iron consumption. For vitamin A, effects are positive but statistically insignificant. Commercialization contributes to higher incomes and added nutrients from purchased foods. It does not reduce the consumption of nutrients from own-produced foods, even after controlling for farm size, which can be explained by higher productivity on more commercialized farms. Enhancing market access is important not only for rural economic growth, but also for making smallholder agriculture more nutrition-sensitive.
Introduction
In spite of global efforts to alleviate hunger and improve nutrition, an estimated 800 million people are still chronically undernourished, and at least 2 billion people suffer from micronutrient deficiencies (FAO 2015; IFPRI 2016) . A large proportion of these people are smallholder farmers in developing countries who crucially depend on agriculture as a source of food and income (IFPRI 2016) . A key question for improving nutrition is therefore how to make smallholder agriculture more nutrition-sensitive (Pingali 2015; Smith and Haddad 2015;  Global Panel on Agriculture and Food Systems for Nutrition 2016).
Much of the recent literature on nutrition-sensitive agriculture focuses on the link between onfarm production diversity and farm household diets (Jones, Shrinivas, and Bezner-Kerr 2014; Sibhatu, Krishna, and Qaim 2015; Koppmair, Kassie, and Qaim 2017; Jones 2017) . A few of these studies have also pointed at the importance of markets for improving diets, yet capturing farmers' access to markets only in terms of simple proxies such as market distance (Sibhatu et al.2015; Koppmair et al. 2017) . Moreover, the dietary indicators that are typically used have limitations. Most studies use household dietary diversity scores, which are suitable for measuring household food security, but not dietary quality (Kennedy, Ballard, and Dop 2013) .
Another strand of the literature has analyzed the effects of agricultural commercialization (hereafter referred to as commercialization) on household welfare. But most studies in this direction look at welfare only in terms of income (Tipraqsa and Schreinemachers 2009; Muriithi, and Matz 2015) , not nutrition. Commercialization may influence nutrition through various channels, including changes in income, the availability of own-produced foods, and gender roles within the farm household (von Braun and Kennedy 1994; Carletto et al. 2015) . Income gains can increase the economic access to food, but a substitution of purchased food for own-produced food may also change dietary quality, possibly increasing the consumption of calories but not necessarily micronutrients (Popkin, Adair, and Ng 2012; Remans et al. 2015) . Changes in gender roles may occur because men often take stronger control of farm production and income during the process of commercialization (von Braun and Kennedy 1994) . And male-controlled income is often spent less on dietary quality and nutrition than female-controlled income (Fischer and Qaim 2012) .
A few recent studies have analyzed the impact of contract farming and certification programs on household food security and nutrition in different countries of Africa (Chege, Andersson, and Qaim 2015; Chiputwa and Qaim; Bellemare and Novak 2017) . But these studies compare farm households that sell in different marketing channels; no differentiation is made between more and less commercialized households. Very few studies have explicitly analyzed effects of commercialization on nutrition, and those that did have looked at nutrition primarily in terms of calorie consumption and child anthropometrics (von Braun and Kennedy 1994; Carletto, Corral, and Guelfi 2017) , not dietary quality.
We add to this existing literature by analyzing the effects of commercialization on food security and dietary quality, measured in terms of calorie and micronutrient consumption at the household level. We estimate average and continuous treatment effects and also analyze transmission channels that were hardly addressed in previous studies (Carletto et al. 2017 ). The analysis builds on a survey of smallholder farmers in Western Kenya. In Kenya, smallholder farming accounts for 75% of total agricultural output (Olwande et al. 2015) . As in most other countries of Sub-Saharan Africa, issues of poverty and malnutrition are widespread in the small farm sector (Muthayya et al. 2013; KNBS 2015) .
The rest of this article is organized as follows. The next section presents a small conceptual framework to explain expected transmission channels for effects of commercialization on farm household nutrition. This is followed by a description of the empirical estimation strategies and the data, before the estimation results are presented and discussed. The last section concludes. Figure 1 shows a simple conceptual framework that will guide the empirical analysis. Commercialization can affect farm household nutrition through various transmission channels. Market sales can reduce the availability of own-produced foods and thus limit consumption through the subsistence pathway. A fall in total food consumption may be prevented through food purchases from the market that become possible through higher cash earnings. Research shows that commercialization is typically associated with income gains through agricultural intensification and use of better technology (von Braun and Kennedy 1994; Muriithi, and Matz 2015) . Commercialization may also influence the types of crops grown or the livestock species kept on the farm. Closer market integration allows farmers to better harness their comparative advantage, so that higher levels of specialization are generally expected. A focus on the production of non-food cash crops could further reduce the availability of own-produced foods. Yet, in specific situations, it is also possible that farmers further diversify production, especially when markets for certain niche products that are not traditionally grown for own consumption emerge (Tipraqsa and Schreinemachers 2009) .
Conceptual Framework

Figure 1 (about here)
In an African context, levels of commercialization, types of crops grown, and technologies used can also have important effects on gender roles within the farm household. Subsistence food crops are often produced and controlled by women, whereas crops that are primarily produced to generate cash income are typically controlled by men (von Braun et al. 1994; Fischer and Qaim 2012) . Research shows that female-controlled income is often particularly beneficial for household nutrition, as women tend to spend more on food, dietary quality, and healthcare than men (Hoddinott and Haddad 1995; Chege et al. 2015) . Hence, commercialization may possibly have a negative partial effect on household nutrition through this gender pathway.
To better understand the role of the different transmission channels and the overall effect of commercialization on farm household nutrition, crucial questions are to what extent ownproduced food is replaced by purchased food, and whether this shift makes diets more or less nutritious from a calorie and micronutrient perspective. It is often assumed that the subsistence pathway is particularly important for dietary quality, because purchased food is felt to be more processed and less nutritious, even though the evidence base for this assumption is relatively thin (Remans et al. 2015; Jones 2017 ). We will analyze these questions explicitly in the empirical analysis below.
Estimation Strategy
Basic Model
We start the analysis by estimating the overall effect of commercialization on nutrition with regression models of the following type:
(1) , In this model, we are particularly interested in the treatment effect 1  . Positive and significant estimates for 1  would mean that commercialization contributes to improved nutrition, and vice versa. It is possible that the sign of 1  differs between the nutrition indicators. For instance, if it is true that households substitute energy-dense purchased foods for more nutritious own-produced foods we would expect a positive coefficient 1  in the calorie consumption model and possibly negative coefficients in the micronutrient consumption models. N , which would lead to endogeneity bias. For instance, unobserved heterogeneity could occur through differences in farmers' ability or entrepreneurial skills, which are difficult to measure in household surveys.
Addressing Possible Issues of Endogeneity If
We test for potential endogeneity of the commercialization variable ( i C ) through a control function approach (Smith and Blundell 1986; Rivers and Voung 1988) . This approach entails predicting residuals from a first-stage model of the determinants of commercialization, and including the predicted residual term as an additional regressor (a control function) in the nutrition outcome model in equation (1). This control function approach requires at least one valid instrument in the first-stage regression. A statistically significant coefficient of the predicted residual term in equation (1) would imply that commercialization is endogenous and would also correct for the resulting bias. An insignificant residual term would fail to reject the null hypothesis of exogeneity of i C . In that case, OLS would be preferred. Since i C is bounded between zero and one, we estimate the first-stage regression using a generalized linear model (GLM) with a binomial family and a logit link. This is important to obtain consistent residual predictions for use in the second stage (Papke and Wooldridge 1996) .
Choice of Instrument
As mentioned, the control function approach requires at least one instrument for inclusion in the first-stage regression. A valid instrument must be strongly correlated with commercialization (instrument relevance), but uncorrelated with omitted variables that may affect nutrition (instrument exogeneity), except indirectly through commercialization (Imbens and Wooldridge 2009) . Finding a good instrument can be quite challenging (Stock, Wright, and Yogo 2002) , but we were able to identify one instrument for commercialization that fulfills all the requirements. The instrument used is the average number of motorcycles owned by households living in in the same ward. A ward is an administrative unit in Kenya that is larger than a village, but smaller than a sub-county. As is explained below, our survey covered 26 wards in 2 different counties and 8 sub-counties. The average number of households in each ward is 31. The instrument was constructed by counting the number of motorcycles owned by sample households in each ward and then dividing by the number of households to obtain an average. In the following, we explain why this is a strong and valid instrument for commercialization.
Over 90% of the farmers in our sample do not own any motorized means of transportation (the average number of motorcycles owned by households is 0.08). Nevertheless, the distance to the market is often too far to make sales without a motor vehicle. As most of the local roads are not paved and public transport services hardly exist, owners of motorcycles tend to offer transport services also for other households living in the same area. Farmers themselves often use these services, as well as local traders who buy at the farm gate and sell in the marketplace. Hence, more motorcycles in the ward mean better market access. Indeed, the average number of motorcycles in the ward is significantly correlated with the degree of commercialization (see results below), which is the condition for instrument relevance.
As we use the average number of motorcycles owned by households in the ward, rather than individual ownership, the instrument is not directly correlated with any of the household nutrition variables used in this analysis. Nor is the instrument significant when included as an additional regressor in equation (1). Results of these tests are shown in table A1 in the appendix. Nevertheless, one could imagine that the number of motorcycles could also be a proxy for higher levels of wealth and income in the ward, which could influence nutrition through various hidden channels. To test for this possibility, we correlated the instrument with various indicators of living standard and wealth at the ward level, such as average education, household income, farm size, and other productive assets. All of the correlation coefficients are very small and none of them is statistically significant (table A2 in the appendix). Hence, the condition for instrument exogeneity is also fulfilled.
Analyzing Transmission Channels
As discussed above, important questions to better understand the transmission channels between commercialization and nutrition are to what extent purchased foods are substituted for own-produced foods and how this affects dietary quality. To analyze this in more detail, we re-estimate the models in equation (1), but this time differentiating between calories and micronutrients from purchased and own-produced foods. If households primarily purchase energy-dense foods in the market, we would expect a positive effect of commercialization on calorie consumption, but not necessarily micronutrient consumption from purchased foods. On the other hand, the effects of commercialization on calorie and micronutrient consumption from own-produced foods will depend on possible changes in farm productivity and production diversity. For these models, the control function approach is also employed.
Beyond analyzing possible substitution effects in household food sources, we are also interested in better understanding the role of the income and gender pathways that were discussed above. We model these pathways explicitly with the following equations:  . In equations (3) and (4), income and gender roles are considered endogenous and modeled as a function of commercialization ( i C ). We would expect positive coefficient estimates for 1  and 1  , meaning that commercialization increases household income and the likelihood of male control of farm revenues. In all three equations we control for other socioeconomic variables ( i X ). We estimate equations (2) and (3) with OLS, and equation (4) with linear probability and probit estimators. The results of these models will be interpreted cautiously in terms of associations, not causality, because of the endogeneity of 
Continuous Treatment Effects
The models in equations (1) to (4) help to establish the average treatment effects of commercialization on nutrition and the underlying transmission channels. But commercialization is a continuous treatment variable, and it is possible that the effects vary by level of commercialization. For instance, when a subsistence farm starts to make the first market sales, the marginal effects on calorie and micronutrient consumption may be higher or lower than when a farm that already sells much of its produce further increases the level of commercialization. To account for possible non-linearity, we additionally use the generalized propensity score (GPS) approach to estimate continuous treatment effects of commercialization (Hirano and Imbens 2004; Kluve et al. 2012; Guardabascio and Ventura 2014) . As also true for propensity score approaches with binary treatment variables, the GPS method controls for observed heterogeneity between households with different treatment exposure, but not for possible unobserved heterogeneity.
The GPS approach involves three stages (Kassie, Jaleta and Mattei 2014) . At the first stage, the generalized propensity scores are generated based on observed covariates. Given the nature of C , we estimate the GPS using GLM with a binomial family and a logit link (fractional logit). The first stage also involves testing covariate balancing properties. At the second stage, the conditional expected values of the outcome variables (nutrition indicators) are estimated as a function of treatment exposure (level of commercialization) and the GPS. For these estimates, we use a flexible function with quadratic approximation. Given that the nutrition indicators are continuous variables, these models are estimated with OLS. At the last stage, the average dose-response function is estimated. The dose-response function depicts for every treatment exposure level the direction and magnitude of the causal relationship between commercialization and nutrition, after controlling for any observed covariate bias (Hirano and Imbens 2004) .
We estimate the dose-response function by averaging the expected nutrition outcome at each level of commercialization ( C ) as follows: 
where n is the number of observations, the ˆ values are parameters estimated at the second stage, and ) , ( i C r X is the predicted value of the conditional density of treatment at varying levels of commercialization. Results of the dose-response functions are presented graphically.
Data and Variable Measurement
Farm Household Survey
This study builds on data collected from a survey of smallholder farmers conducted in Kisii and Nyamira counties in Western Kenya between October and December 2015. Given the high population density in Western Kenya, farms in the study area are very small with an average farm size of about 1.6 acres. In terms of nutritional indicators, Kisii and Nyamira are similar to the national average in Kenya (KNBS 2015) . The prevalence of child stunting, the most common anthropometric measure of child undernutrition, is around 26% in both counties (KNBS 2015) .
A recent census of farm households in Kisii and Nyamira is not available. However, many farmers are organized in farmer groups or self-help groups, and these groups are registered with the Ministry of Gender, Children, and Social Development. We therefore decided to cluster our survey by farmer groups. Together with Africa Harvest, a non-governmental organization active in the region, we constructed a list of all existing groups in Kisii and Nyamira, yet deliberately excluding a few that had received specific development support during the last two years. From this list, we randomly selected 48 groups. The groups vary in size, most of them had around 20-30 members. Prior to the survey, we updated group membership lists together with the group leaders. Depending on group size, we randomly selected 15-20 member households from each group, resulting in a total sample size of 824 farm households, distributed over 8 different sub-counties and 26 wards. The sample is representative of farm households that are organized in farmer groups or self-help groups in this part of Kenya.
Data from sample households were collected through face-to-face interviews carried out in the local language with the household head and/or the spouse. A carefully designed and pretested questionnaire was used, capturing details on household demographics, agricultural production and marketing, other economic activities of the household, food and non-food consumption and expenditures, and contextual characteristics. For a few of the sample households, relevant variables are missing. The analysis is carried out with observations from 805 households for which complete data are available.
Measuring Nutrition
To assess the effects of commercialization on household nutrition, we need appropriate nutrition indicators. There are various ways to assess nutrition at individual and household level, including clinical measures, anthropometric measures, and food consumption-based measures, among others (de Haen, Klasen, and Qaim 2011; Masset et al. 2012; IFPRI 2016) . Clinical and anthropometric measures are the most precise indicators of individual nutrition status, but they are less suitable to assess details of people's food sources and dietary quality, which is the focus of our study. Hence, we use household food consumption data, based on which we calculate various measures of food security and dietary quality.
The survey questionnaire included a food consumption recall, capturing the quantity of more than 130 different food items consumed by all household members over a period of 7 days. Survey respondents were also asked to specify the source of each food item consumed, including market purchases, own production, gifts, and other sources. To increase data accuracy, this part of the questionnaire was carried out with the person responsible for food preparation in the household. Based on the food quantities consumed by the household, we calculated edible portions, which were then converted to calorie and micronutrient levels using food composition tables for Kenya (Sehmi 1993) . For individual food items not included in these tables, we used food composition tables for neighboring Tanzania (Lukmanji et al. 2008 ). In terms of micronutrients, we focus on vitamin A, zinc, and iron.
Deficiencies in vitamin A, zinc, and iron pose serious health challenges in many developing countries, so that consumption levels of these three micronutrients are considered important proxies of healthy diets and nutrition (Chege et al. 2015; IFPRI 2016) .
We divided calorie and micronutrient consumption at household level by adult equivalents (AE) to make the values comparable across households of different size (Chiputwa and Qaim 2016) . These consumption values per AE are the nutrition indicators ( i N ) used as outcome variables in the econometric models. For the descriptive analysis, we calculate a few additional indicators to further illustrate the local nutrition situation. We use minimum consumption thresholds to characterize undersupplied households (FAO, WHO, and UNU 2001; IOM 2006) . A household is considered to be undernourished when it consumes less than 2400 kcal per AE and day. A household is deficient in vitamin A when it consumes less than 625 µg of retinol equivalents (RE). For zinc and iron, the thresholds are 15.0 mg and 18.3 mg, respectively.
Using household-level data on food consumption from a single 7-day recall has certain limitations (de Haen et al. 2011) . The approach measures food availability, not actual food intake. Furthermore, differences in seasonality and intra-household distribution are not accounted for. However, these limitations equally apply to all households, with higher and lower levels of commercialization, so that we do not expect any systematic bias in the impact analysis.
For the descriptive analysis, we also construct two simpler nutrition-related indicators that were used in the recent literature on linkages between farm production diversity and dietary diversity (Jones et al. 2014; Sibhatu et al. 2015; Koppmair et al. 2017) . First, we compute the household dietary diversity score (HDDS), which counts the number of food groups consumed during the 7-day recall period. The maximum number of food groups in the HDDS is 12 (Sibhatu et al. 2015) . The higher the value, the better is the household's general access to food (Kennedy, Ballard and Dop 2013) . Second, we compute a different dietary diversity score with a maximum of 10 food groups (DDS10). The DDS10 places higher emphasis on food groups that are important from a micronutrient perspective and is therefore a better proxy of dietary quality (FAO and FHI 360 2016) .
Measuring Commercialization
Following von Braun and Kennedy (1994) and Carletto et al. (2017) , we construct a commercialization index defined as the share of the total value of farm output sold (value of output sold divided by value of total farm output). This includes both crop and livestock products. The commercialization index is a continuous variable ranging between zero and one. As there are only very few farm households that sell zero farm output, this continuous index is considered more appropriate for the analysis than a binary commercialization variable. For the construction of the index, price data are required to value the quantities of farm output. Prices may vary, even for identical commodities, and they are not observed for all households. For better comparison, we use average sales prices reported by sample households to value farm output.
For a robustness check, we also compute three other measures of commercialization. First, we use a maize commercialization index, calculated as the share of total maize production sold (in quantity terms). Maize is the most important staple food in Kenya and is widely grown by sample households primarily for home consumption. Second, we use a crop commercialization index, computed as the share of total crop output sold (in value terms). Third, we use a livestock commercialization index, computed as the share of total livestock products sold (in value terms). Table 1 presents summary statistics for the full sample, as well as differentiating by level of commercialization. For the descriptive part, we subdivide the sample into commercialization quartiles and compare the 25% least commercialized households (LC25%) with the 25% most commercialized households (MC25%).
Descriptive Statistics
Socioeconomic Characteristics
(Table 1 about here)
The average household sells 44% of its total farm output. This share ranges between 16% for the least commercialized and 70% for the most commercialized households. As one could expect, the level of commercialization is positively associated with farm size, education, household income, and several other socioeconomic variables. More commercialized farms also use more inputs, such as fertilizers and pesticides, and they have significantly higher land productivity. Sample farms are highly diversified, producing around 13 different crop and livestock species on average. Such a high level of farm diversity is typical for many regions in Africa (Sibhatu et al. 2015) . Sample farms produce a number of different food crops, such as maize, beans, sweetpotatoes, bananas, and different types of leafy vegetables. Many also keep chicken, sheep, goats, and sometimes cattle. In terms of cash crops, tea, coffee, and sugarcane are grown by many farmers. Strikingly, more commercialized households are more diversified than less commercialized households, suggesting that under the given conditions commercialization does not lead to higher levels of farm specialization. Table 2 shows summary statistics for the nutrition indicators. Around 27% of the sample households are undernourished (calorie-deficient). Even higher proportions are deficient in zinc, iron, and vitamin A, pointing at sizeable nutritional problems. More commercialized households consume significantly higher amounts of calories and micronutrients. Thus, they are also less affected by nutritional deficiencies than less commercialized households. Only for vitamin A deficiency, the difference is not statistically significant. The different dietary diversity scores also confirm better access to food and higher dietary quality among more commercialized households.
Nutrition Indicators
( Table 2 about here) Figure 2 shows a breakdown of the sources of household calorie and micronutrient consumption. For calorie, zinc, and iron supply, market purchases are as important as, or even more important than own production. This is true even for the least commercialized households. Interestingly, for more commercialized farms the role of own production for household diets does not decrease. This is a first indication that the cash income generated through output sales may be used to buy additional food, rather than replacing own-produced food. Higher productivity on more commercialized farms means that more market sales do not necessarily entail lower availability of food for home consumption. Only for vitamin A, the situation is somewhat different. Own production plays the dominant role for vitamin A consumption, especially in the least commercialized households. Tables A3-A5 in the appendix show further details of which food groups are particularly important for micronutrient consumption from market and own-produced sources.
(Figure 2 about here)
Econometric Results
Endogeneity Tests
We start the discussion of the estimation results by looking at the tests for endogeneity of commercialization. As explained in the empirical strategy section, we use a control function approach with the average number of motorcycles owned by households in the ward as the instrument. The first-stage results with commercialization as dependent variable are shown in the first column of table 4. The coefficient estimates for the residual terms included in the second-stage equations are shown in table 3, for the total calorie and micronutrient consumption models, as well as for the models that distinguish between the consumption of purchased and own-produced foods. In all models, the residual-terms are statistically insignificant. Hence, we cannot reject the null hypothesis that commercialization is exogenous in the second stage. Based on these test results, we proceed with OLS.
(Table 3 about here) Basic Model Results
The estimation results of the basic model with total calorie and micronutrient consumption levels as dependent variables are shown in table 4. Commercialization has positive and significant effects on all nutrition indicators, except for vitamin A where the estimated coefficient is positive but not statistically significant. The commercialization index ranges between zero and one. The results suggest that a 10 percentage point increase in the level of commercialization increases the consumption of calories by 69.6 kcal, of zinc by 0.35 mg, and of iron by 0.55 mg per AE and day. These effect sizes imply increases of 23-30% over the mean consumption levels of the least commercialized households. These are sizeable effects, supporting the hypothesis that commercialization improves farm household nutrition. Tables 5 and 6 show results where the nutrition indicators are disaggregated by the consumption of calories and micronutrients from purchased and own-produced foods. The results in table 5 suggest that commercialization has positive and significant effects on the consumption of calories and all three micronutrients from purchased foods. A 10 percentage point increase in the level of commercialization increases calorie consumption from purchased foods by 40.0 kcal, vitamin A consumption from purchased foods by 27.0 µg, zinc consumption by 0.25 mg, and iron consumption by 0.34 mg per AE and day. An obvious interpretation is that the additional cash income generated through farm output sales improves households' economic access to food and dietary quality. More commercialized households do not only purchase cheap calories, but also food items that contribute to improved micronutrient consumption, such as vegetables, fruits, and meat. Particularly noteworthy in table 5 is the positive effect of commercialization on vitamin A consumption, which is largely due to more purchases of leafy vegetables and vitamin A-rich fruits (see table A4 in the appendix).
(Table 4 about here)
Purchased and Own-Produced Foods
( Table 5 about here) Table 6 shows that commercialization has positive and significant effects on the consumption of calories from own-produced foods. For the consumption of micronutrients from ownproduced foods, no significant effects are observed. This is interesting, because -ceteris paribus -higher sales of farm outputs could mean lower availability of food and nutrients for home consumption. That such a decrease in the consumption of own-produced foods is not observed is due to higher yields on more commercialized farms. As was shown in Table 1 , the level of commercialization is positively correlated with input use and land productivity. And, as was also shown in Table 1 , commercialization in the study region does not mean that farmers would grow fewer food crops.
(Table 6 about here)
These results imply that commercialization does not lead to a simple substitution of purchased for own-produced foods. More commercialized households rather add purchased foods to their diets, without reducing the consumption of own-produced foods. This may be a riskcoping strategy in the presence of market failures. Maintaining a certain level of subsistence is a typical response of households to reduce vulnerability to market risk.
Income and Gender Pathways
The positive effects of commercialization on the consumption of calories and micronutrients from purchased foods already suggest that the cash income pathway plays an important role. This is now analyzed more explicitly in table 7. The first column in table 7 reveals a significantly positive association between the level of commercialization and household income. Controlling for other factors, a 10 percentage point rise in the level of commercialization is associated with 23.5 thousand Ksh higher income (26% of mean household income of the least commercialized households). And the other columns in table 7 confirm that gains in household income are significantly associated with higher calorie and micronutrient consumption.
(Table 7 about here)
To evaluate possible effects of commercialization on gender roles, we look at who within the household controls the revenues from farm output sales. But most households sell different outputs, and the control of revenues can differ between commodities. Revenues from typical cash crops are often controlled by men, whereas for revenues from food crops the situation is more diverse. Hence, calculation of a single variable that captures gendered revenue control across households and commodities is not straightforward. For this part of the analysis, we decided to focus only on one commodity, namely maize as the main staple food in the study region. Most sample households cultivate maize for home consumption, about one-quarter of the households sell maize in order to generate cash income. For this maize-selling subsample, we constructed a dummy variable that takes a value of one if a male household member controls maize revenues, and zero otherwise. Table 8 presents estimation results of models with this gender control dummy as dependent variable. Two specifications are shown, a linear probability and a probit model. Both specifications lead to similar results; the level of commercialization is positively and significantly associated with male control of maize revenues. This is consistent with earlier research showing that commercialization can be associated with women losing control of crop revenues (von Braun and Kennedy 1994; Chege et al. 2015) . For the same subsample, Table 9 shows that male control of revenues is associated with lower consumption of calorie, vitamin A, and zinc from purchased foods. In other words, women spend more on food and dietary quality than men, which seems to be especially relevant for vitamin A. As the models in table 9 control for total household income, this negative gender pathway is a partial effect, which does not imply that the total effect of commercialization on nutrition is negative. But the analysis clearly suggests that the total nutrition effects of commercialization were even more positive if the loss of female control of revenues could be prevented.
( 
Robustness Checks
To test the robustness of the results, we re-estimate all models in tables 4-6 using alternative indicators of commercialization. Full estimation results of these alternative models are shown in tables A6 to A14 in the appendix. The estimated treatment effects are summarized in table 10, in comparison to the originally estimated effects with the overall commercialization index. Regardless of the commercialization indicator used, the effects on total calorie, zinc, and iron consumption are positive and significant. The other results are also similar to the ones obtained with the overall commercialization index; in most cases, higher levels of commercialization increase the consumption of calories and micronutrients from purchased foods in particular, without significantly decreasing the consumption of own-produced foods. This underlines the robustness of the estimation results to changes in the commercialization indicator.
(Table 10 about here)
Beyond these general patterns, Table 10 also provides a few additional insights. For maize commercialization, the positive effects on calorie, zinc, and iron consumption from ownproduced foods are stronger than those from purchased foods. Maize is the main staple food, so it is not surprising that higher maize production also leads to higher consumption of this crop, especially in undernourished households. Another interesting finding is the positive and significant effect of livestock commercialization on vitamin A from own-produced foods. Meat and eggs are important sources of vitamin A, and households that produce and sell more of these products also tend to consume additional quantities. This is noteworthy, because vitamin A consumption is less responsive to income growth than the consumption of most other nutrients, and thus more difficult to control. The estimates suggest that the promotion of livestock production and marketing could be a good entry point for reducing vitamin A malnutrition.
Continuous Treatment Effects
We now estimate continuous treatment effects with the generalized propensity score (GPS) approach. On the one hand, this helps to further test the robustness of the general findings. On the other hand, accounting for the possibility of non-linear effects can also provide additional insights. Results of the GLM model with the level of commercialization as dependent variable are shown in table A15 in the appendix. This model is used to calculate the propensity scores. Table A16 in the appendix shows covariate balancing tests, comparing four different treatment groups that vary in their level of commercialization. Before matching, many of the covariates for these four groups differ significantly. After matching, most of the differences are statistically insignificant. For the GPS analysis, we exclude 21 untreated households to avoid misleading results (Guardabascio and Ventura 2014) .
Figures 3-6 present the estimated dose-response functions. The consumption of total calories, zinc, and iron increases continuously with the level of commercialization, which is consistent with the parametric results discussed above. For zinc, a consumption maximum is reached at a commercialization level of about 0.7 ( Figure 5 ). Yet, this maximum is above the recommended minimum consumption of 15.0 mg of zinc per day, so a slight reduction beyond that point is not of nutritional concern. For calories, zinc, and iron, the consumption increases from purchased foods are also continuous, whereas the consumption from ownproduced foods follows an inverse U-shape with increasing levels of commercialization. This is plausible: beyond a certain level of commercialization and dietary intake, the risk-coping function of own-produced foods loses in importance, so that the degree of subsistence can be reduced.
( Figure 3 -6 about here)
We now turn to the discussion of the vitamin A results, which are different from those for calories, zinc, and iron. The parametric results above did not find a significant effect of commercialization on total vitamin A consumption. The non-parametric results in Figure 4 provide interesting additional insights. The non-linear dose-response function in the left panel of Figure 4 shows that total vitamin A consumption decreases at low levels of treatment exposure (commercialization), whereas for commercialization levels above 0.5 positive treatment effects are observed. The middle and right panels of Figure 4 explain this non-linear effect: at low levels of treatment exposure, the decrease in vitamin A consumption from ownproduced foods is stronger than the increase from purchased foods. This comparison is reversed at higher levels of commercialization. These results clearly suggest that vitamin A nutrition receives special attention during the process of commercialization.
Conclusion
Previous studies have shown that commercialization can improve productivity and income for smallholder farmers. Effects of commercialization on smallholder nutrition are less understood. Very few studies have looked at this relationship, and those that did have rendered mixed results (von Braun and Kennedy 1994; Carletto et al. 2017) . While von Braun and Kennedy showed positive nutrition effects of commercialization, Carletto et al. (2017) mostly found insignificant effects. None of these existing studies has explicitly looked at dietary quality, as we did here. Furthermore, we have added to the literature by not only looking at the treatment effects, but also analyzing the underlying transmission channels.
Using survey data from smallholder farm households in Western Kenya, we have shown that commercialization has positive effects on food security and dietary quality. Higher levels of commercialization significantly contribute to improved calorie, zinc, and iron consumption. For vitamin A consumption, the effects of commercialization were found to be insignificant. The positive effects for most dietary indicators are primarily due to rising cash incomes, allowing households to purchase more food from the market. However, rather than substituting for own-produced foods, purchased foods are added to the diet with increasing levels of commercialization. Hence, commercialization contributes to higher levels of dietary diversity. That commercialized households continue to also rely on own-produced foods is probably attributable to market risk; maintaining a certain level of subsistence is a typical strategy of smallholders to better cope with unpredictable market developments. Only for highly commercialized farms, the role of own-produced foods in household diets starts to decrease.
We have also analyzed how commercialization may affect gender roles within farm households. As hypothesized, commercialization leads to a higher share of farm revenues being controlled by male household members. And this shift from female to male control has negative partial effects on the consumption of calories and micronutrients, especially vitamin A. These results confirm earlier research showing that women tend to spend more on dietary quality and nutrition than men (Hoddinott and Haddad 1995; Fischer and Qaim 2012) .
Overall, we conclude that commercialization can contribute significantly to improved nutrition in the small farm sector. An important policy implication is that enhancing market access is a key strategy to make smallholder agriculture more nutrition-sensitive. The role of women should receive particular attention. The evidence suggests that women may lose decision-making power with increasing levels of commercialization, but this may possibly be prevented through more gender-sensitive approaches and awareness-building initiatives. We also stress that commercialization alone will not suffice to address all types of malnutrition. Commercialization helps to increase cash income, but the consumption of certain micronutrients -such as vitamin A -does not seem to be particularly responsive to income growth. Hence, more specific, complementary interventions may also be needed.
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, and *** differences between LC25% and MC25% are significant at 10%, 5%, and 1% level, respectively. Note: Mean values are shown with standard deviations in parentheses. The food groups disaggregation is the one also used for the dietary diversity score with 10 food groups (DDS10) in the main paper. LC25%, 25% least commercialized households; MC25%, 25% most commercialized households; RE, retinol equivalent; AE, adult equivalent. * , **
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